Abstract-Classifying consumers, namely LV consumers, in order to assign them typical load diagrams, was always a concern of the electric utilities, which used this kind of information to better manage their distribution networks. Now, with the transition to a completely open market, the need for settlement between distribution operators and traders requires hourly consumption records that are not generally available, so deriving load diagrams for LV consumers is a mandatory task. This paper presents a new methodology for this purpose that uses typical diagrams obtained in measurement campaigns to create classes defined in the commercial information space that maximize the compactness of the diagrams in each class. The methodology was developed in a project with EDP (the Portuguese distribution operator) and the result will probably be adopted by the regulatory authority.
I. INTRODUCTION
LASSIFYING consumers, namely LV consumers, in order to assign them typical load diagrams, was always a concern of the electric utilities, which used this kind of information to better manage their distribution networks. Now, with the transition to a completely open market, the need for settlement between distribution operators and traders requires hourly consumption records that are not generally available, so deriving load diagrams for LV consumers is a mandatory task (the expensive alternative is to install interval meters in all LV consumers).
The problem of assigning diagrams to consumers, or load profiling, includes a basic dilemma that comes after a first phase of measurement campaigns to obtain a sample of diagrams: either you pre-define the classes, on the basis of commercial information you have for all customers (hired power, energy consumption, activity, etc.) or you cluster a sample of diagrams.
In the first option, the diversity of diagrams in each class may be excessive, so the average diagrams are far from being the prototypes even of the sampled diagrams. In the second hypothesis, you get good prototypes, but you are unable to relate them to the commercial information, so you can not classify the consumers outside the sample.
The scientific literature on power systems includes a large variety of clustering methodologies applied to the load profiling question [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12] [13] [14] . Most of the reported techniques fall into one of the two precedent categories, relatively to both the definition of typical load diagrams and the classification process. However, to the knowledge of authors, there's no standard established method, of relating a class profile obtained through clustering with the consumers' commercial characteristics. That's why most electrical distribution utilities used an a priori classification of consumers based on its commercial characteristics.
This paper presents a new methodology that uses typical diagrams obtained in measurement campaigns to create classes (defined in the commercial information space) that maximize the compactness of the diagrams in each class. The basic idea is to create first small classification cells in the commercial information space that are afterwards aggregated by an optimization procedure that minimizes a measure of compactness of the diagrams in each class.
The methodology was developed in a project with EDP (the Portuguese distribution operator) and the result will probably be adopted by the regulatory authority.
The structure of the paper is the following. In the next section, the initial step of creating the basic classification cells is described. Then in Section III, we present the clustering methodology and the optimization process behind it, followed (section IV) by the explanation of the process of applying the class diagram to a specific costumer. Finally, in section V, we show partial results of the project carried out in Portugal. The conclusions and references complete the paper.
II. DEFINING THE BASIC CLASSIFICATION CELLS
In order to apply the methodology, two blocks of data must be available:
-Commercial data of all the LV customers (hired power, energy consump tion, etc); -A sample of load diagrams for the period under analysis (e.g. one year), linked with the same kind of commercial information. The first block of data is generally included in the utility's databases and raises no problems, except for the need of processing a large number of records.
On the other hand, gathering the sample diagrams requires the implementation of a measurement campaign that may be Deriving LV load diagrams for market purposes using commercial information [4, [13] [14] [15] [16] . Since it is a well-known topic, we will not go into details here, but in section V we'll give some information about our study for the Portuguese distribution company. The first step of the basic classification cells definition consists of choosing the commercial variables to be used in the classification of customers (the commercial information space). Hired power and energy consumption are natural candidates, but other variables may be used, including information on the use of energy (see a comment on this in section V). The variables' ranges are then divided into discrete intervals, taking into account their distributions in the sample. The number of intervals must be sufficient to provide a good separation but limited to avoid the generation of too many cells. Figure 1 shows a possible division of the (Pc, E) space in basic cells. The variables are hired power (Pc -kVA) and energy consumption (E -kWh). For instance, in cell (1;1) E≤1560 kWh and Pc is 1.1 or 3.5 or 4.6 kVA (three tariff categories). Dealing with both discrete (Pc) and continuous (E) variables is not a problem is this approach.
Note that some of the basic cells in the right-upper or leftlower corners may be empty, since they correspond to situations with low Pc/ high E, and vice-versa. The organization in cells may be done for all the customers, or separately according to the type of meter: -single energy measure (type 1); -peak and out of peak hours (type 2); -peak, medium and low charged hours (type 3). Decisions on this topic, and also on the scales granularity, depend, of course, of the trade-off between accuracy and the complexity and cost of the study. The optimization procedure that follows is able to deal with more intervals in each axis (or with more axis) without difficulty.
Once defined the cells, the sampled diagrams are easily assigned to a specific cell (since we have the link between the diagram and the commercial information of the corresponding customer). Each cell will then be characterized by an average diagram and the corresponding variance.
III. CLUSTERING METHODOLOGY

A. Problem formulation
Having defined the basic classification cells, with the corresponding assigned diagrams, the next step is to cluster the cells (in the present formulation of the approach, the number N of classes is predefined).
Each possible solution X i is thus a partition of the set of n cells c 1 , c 2 , ..., c n into N classes C 1 , C 2 , …, C N . The usual constraints associated to a partition apply:
-Each cell belongs to only one class; -There are no empty classes; -The union of all the classes recomposes the original set. Moreover, due to the objectives of the exercise, we'll only accept as valid the partitions where all the cells in every class are contiguous.
Therefore, we seek for the valid partition X* that minimizes a measure of quality related to the compactness of the load diagrams. We used the intraclass variance (other options would be possible) 
B. Optimization procedure
The optimization procedure is based on the Simulated Annealing (SA) algorithm [19] , a technique derived from statistical mechanics to address large combinatorial problems.
The SA algorithm is a modified local search procedure (we change to a neighbor solution if it better than the present solution) where sometimes a worse solution is accepted, to avoid being trapped in local optima. The probability of accepting a worse solution is controlled by a constant K and a variable parameter called temperature that decreases during the process.
In order to design the SA procedure for this particular application, we must define: a) Solution -as stated before, a solution is a valid partition X i . b) Neighborhood -we get a neighbor of the present partition by selecting a cell at random and then changing its assignment from the present class to a contiguous one. For instance, in Figure In order to set the value for K, we used the two first solutions and calculate the value of K that corresponds to a probability P (say 0.25) of accepting the worst solution in the initial phase of the algorithm:
On the other hand, the exponential cooling scheme we used was first proposed Kirkpatrick et al. [19] with α=0.95. Finally, the stopping criterion is the lack of new partitions accepted for a degree of temperature or temperature close to zero.
C. Practical issues
Besides the general arrangements described so far, there is a number of issues that we must decide in a practical study:
1. Using real diagrams, normalized or scaled; 2. Weighting each consumer type in each cell according to its number in the sample or in the universe; 3. Weighting each cell in the class proportionally to the number of consumers in the sample or in the universe; 4. Clustering all months or separately for each month. According to our experience in the Portuguese study, the best solution has been achieved by the following combination:
1. Using real diagrams (no normalization); 2. Considering the relative weight of each consumer type within each cell proportionally to its amount in the universe; 3. Considering the weight of each cell proportional to the number of clients in the universe; 4. Considering all months in a single set.
IV. APPLYING TYPICAL DIAGRAMS TO CUSTOMERS
A. Operational procedure
After the classes have been defined, the classification of a given consumer is straightforward, using the cell limits that apply in each class. Figure 3 and T ABLE 1 show an example for 3 classes, using the cells of Figure 1 . As explained before, the blank corners in Figure 3 correspond to empty cells in the universe of consumers. The next step consists in applying the profile for billing purposes. This includes: 1. Building the week typical diagram for each class; 2. Reconstructing, for the particular application month, the corresponding typical diagram: repetition of workdays, Saturdays and Sundays according to the calendar; 3. Scale the month diagram such a way that its energy matches the measured consumption. 4. Aggregate costs for each hour and compute the total charge for the considered month. In the case of consumers with period meters (for instance, peak, medium and low charged hours), step 3 should be made in such a way that peak, medium and low charged hours of the month diagram equal the measured consumption in each period.
B. Error analysis
Even if the partition obtained with the optimization process is the best according to the quality measure we used, it's inevitable that the application of profiles leads to deviations, given the diversity of individual consumer's behavior within each class. The portrayal of these errors must be characterized either in energetic terms as well as in billing terms, in order to have a global picture of the adequacy of the entire profiling scheme.
The energy deviation term is represented by the mean squared error (EQM): where Nd represents the number of diagrams considered for each case, P r (n,h) the power of the real diagram n in the hour h, and P p (n,h) the power of the profiled diagram n in hour h (we assume the diagrams are on a 15 min base).
In what respect to economic deviations, one follows the procedure described previously for billing and compare this value with the one would be obtained if the consumer had an hourly (15 min) meter.
V. ILLUSTRATIVE RESULTS
In the first part of the project developed for the Portuguese distribution company, about 1000 hourly meters where installed in LV consumers' installations. The consumers where first divided into 5 categories (domestic, commercial, industry, hotels/restaurants and others), each category being afterwards divided into 4 strata, according to the global consumption. The sample definition was based on Neyman's stratified sampling methodology [17, 18] .
The development of the methodology was based on the following pre-requisites:
1. The classification should be clear: simple and not ambiguous; 2. The classification should not be based on the type of consumer (domestic, commercial, etc.);
3. The consumers should be grouped on the basis of diagrams proximity, having in mind the previous conditions. Note that the second specification was imposed by the Portuguese regulatory authority, in order to preserve the principle of non-discrimination on the basis of energy use. So, this requirement is not a limitation of the methodology and could be dropped in other applications.
A. Class definition and profiles
Coming to the clustering process, we already showed some results for the 3 class exercise, in Figure 3 and T ABLE 1. Now, Figure 4 depicts the best partition for 4 classes, the main difference consisting of a split of class 1 of Figure 3 T ABLE 2 depicts the quality measure (average variance) for the cases with 2, 3 and 4 classes, for workdays. The variance tends to be smaller as the number of classes grows. However, the variation from the 2-class to the 3-class case is considerably larger than the one resulting from changing from the 3-class to 4-class case, which may lead to the adoption of the 3-class option in this situation. To illustrate the results, Figure 5 shows typical class diagrams for weekdays, Saturdays and Sundays of LV consumers, single meter. These normalized diagrams will constitute the profiles that later can be applied to the costumers for billing purposes.
B. Error analysis
In order to evaluate the global adequacy of the profiles for different profiling strategies, energy and economic deviations can be computed, as explained in section IV. B. Typical studies could be:
1. Clustering the whole set of LV consumers; 2. Clustering separately the LV consumers according to their meter type; 3. Clustering separately domestic and non-domestic consumers. Figure 6 and Figure 7 show typical results for the energy and economic deviations, for LV consumers with a simple meter, for case 1 (considering the set of LV consumers as a whole), for a 3-class partition. These quantities correspond to the average values of the sample for the referred situation. Figure 8 gives an idea of the distribution of the deviations for one of the classes.
In these figures, HP, HM, HL and HSL mean peak hours, medium charged hours, low charged hours and super-low charged hours, respectively. Now, Figure 9 to Figure 10 show examples of the economic deviations for costumers with meter type 2 (peak and out of peak hours) in case 1 (when no meter discrimination is applied). The results are presented in terms of individual billing variations relatively to the real charge that would occur if the costumers had hourly meters.
The graphics show a fair distribution of deviations, some being positive and others negative, and the values may be considered generally small for the majority of the individuals. VI. CONCLUSIONS Deriving profiles for market purposes is a challenging exercise, due to the type of information we must deal with: on one hand we seek for similar load diagrams in each class, on the other hand the clusters must also be understandable in terms of commercial variables available for all the customers.
The new approach presented in this paper solves this dilemma through the use of an optimization process based on the meta-heuristic Simulated Annealing that globally is a clustering methodology relating two different spaces.
The illustrative results, similar to the ones produced in a project for the Portuguese distribution company (EDP), show the applicability of the approach.
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